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PreviewsDR5, may have the potential to interact
with E-cadherin. DcR1 and DcR2 lack an
intracellular death domain and function
to suppress apoptosis (LeBlanc and
Ashkenazi, 2003). Thus, it will be impor-
tant to determine whether these decoy re-
ceptors can bind E-cadherin and whether
their expression regulates the extent
to which E-cadherin adhesion facilitates
TRAIL-induced apoptosis.
In addition to examining whether
E-cadherin interacts with decoy death
receptors, it is also of interest to test
whether other cadherins (e.g., P-, VE-,
and N-cadherins) can interact with and
augment the functions of death and/or
decoy receptors. This is especially rele-
vant in the case of EMT, in which an in-
crease in N-cadherin expression often
accompanies a decrease in E-cadherin
(i.e., ‘‘cadherin switch’’) (Tiwari et al.,
2012), yet the cells remain resistant to
TRAIL (Lu et al., 2014). Is N-cadherin un-
able to bind to DR4/5 or is the linkage
ineffective in linking to the cytoskeleton?
Additionally, these results raise the ques-
tion of whether TRAIL-induced clustering4 Developmental Cell 30, July 14, 2014 ª201of the DISC with E-cadherin has any ef-
fect on the stability of cell-cell adhesions
during programmed cell death. For
example, does the assembly of the
DISC with E-cadherin adhesions recruit
caspases or E3 ligases to target adhe-
sion proteins for degradation as part of
the apoptotic cascade? Future studies
investigating these possibilities will
further characterize the crosstalk be-
tween cell-cell adhesion and death re-
ceptor-induced apoptosis in normal and
cancer cells.
Because TRAIL has strong antitumor
activity in many cancer cell lines but has
limited effects in many normal cell types,
preclinical and clinical trials for agents
that trigger TRAIL-induced apoptosis
were widely explored for the treatment
of solid tumors and hematological malig-
nancies. These efforts have largely been
unsuccessful in a clinical setting, although
positive responses in some patients hint
that this strategy deserves further explo-
ration (Stuckey and Shah, 2013). The find-
ings from this new study and additional
investigations into cadherin-death recep-4 Elsevier Inc.tor interactions will provide important in-
sights relevant to further development
of TRAIL-based anticancer therapeutics
and for the identification of biomarkers
that will predict the efficacy of these treat-
ment strategies.
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Reporting inCell, Li and colleagues (2014) describe an innovative method to functionally classify genes using
evolutionary information. This approach demonstrates broad utility for eukaryotic gene annotation and sug-
gests an intriguing new decomposition of pathways and complexes into evolutionarily conserved modules.Recent efforts in genome sequencing
have generated a substantial catalog
of complete genome sequences. This
growing data set now affords us a major
opportunity: to map the evolutionary and
functional relationships between genes
by carrying out a statistical comparison
of genomic content across species. In
1999, Pellegrini and coworkers described
one conceptually simple but powerfulstrategy for doing exactly this (Pellegrini
et al., 1999). Their idea was to infer protein
interactions from the concerted loss (or
gain) of genes across species. Groups of
genes with similar patterns of presence
and absence might reflect the influence
of some common selective constraint,
providing an evolutionary indication that
the collective activity of the gene group
is relevant for function. In the originalmethod, termed ‘‘phylogenetic profiling,’’
each gene is described by a binary vector
(or profile) indicating presence (‘‘1’’) or
absence (‘‘0’’) across all sequenced ge-
nomes. The evolutionary similarity be-
tween a pair of genes is then measured
by the number of ones or zeroes differing
between the two vectors, an information-
theoretic quantity termed the Hamming
distance. It was shown that genes with
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Previewssimilar profiles (small Hamming distance)
are indeed often functionally related
and typically correspond to consecutive
metabolic steps or parts of physical com-
plexes. Since the advent of this method, a
variety of new computational approaches
for predicting gene function using the
so-called ‘‘guilt by association’’ principle
have been devised (Aravind, 2000; Ken-
sche et al., 2008; Pellegrini, 2012).
In the sameconceptual spirit, Li andcol-
leagues (2014) describe an interesting
new methodology called clustering by
inferred modules of evolution (CLIME).
Again the goal is to functionally classify
genes based on their occurrence profiles,
and here CLIME makes two major tech-
nical advances. The first is to begin with
a family of functionally related genes
(for example, members of a biological
pathway) instead of a single gene query.
This allows detection of new genes based
on similarity to phylogenetic profiles taken
across the family and accounts for the fact
that a single pathway can contain groups
of genes with distinct evolutionary his-
tories. The second innovation is an
algorithm that simultaneously (1) infers
the evolutionary history of gene loss
and gain from the observed pattern of
presence/absence in extant sequences
and (2) partitions the starting gene family
into evolutionarily conserved modules
(ECMs)—groups of genes with a shared
inferred evolutionary history. Following
classification of the query genes into
ECMs, additional functionally related
genes are detected by similarity to the
inferred evolutionary models. The advan-
tage of such a tree-based approach is
that phylogenetic information can distin-
guish between systems in which multiple
coordinated gene losses have occurred
(indicating a strong degree of coevolu-
tion) andcases inwhich a single evolution-
arily ancient loss event drives the pres-
ence-absence signal. The authors apply
CLIME to the analysis of several systems,
including over 1,000 functional gene
groups in humans. This analysis results
in several interesting new functional pre-
dictions (for example, that a small group
of proteins involved in cell adhesion may
also be relevant for host invasion in some
species) and showcases the ability of
this method to generate new hypotheses.
CLIME is part of a larger class of
methods that employ coevolution as a
measure of functional coupling betweengenes. Coevolution can be computed for
a variety of genetic properties to infer
different types of physical or functional
interaction. For example, measurements
of gene colocation on the chromosome
(synteny) are often used to infer func-
tional relatedness (Rogozin et al., 2002),
whereas at a finer spatial scale, amino
acid coevolution can be used to map resi-
due interactions both within and between
proteins (Halabi et al., 2009; Morcos et al.,
2011; Skerker et al., 2008). It is important
to note the distinction between evolu-
tionary interaction maps, which are con-
structed via the analysis of an ensemble
of genomes, and experimental interaction
maps, which are collected in a particular
model cell line or organism. While these
two strategies of interaction mapping are
clearly complementary, the power of this
ensemble-based approach is that the
resulting statistical model is not dependent
on details of a specific model organism or
experiment but instead reflects core fea-
tures shared across a diversity of systems.
In this context, one of the most inter-
esting findings of Li and colleagues
(2014) is that functional modules, such
as mitochondrial complex 1, can be
partitioned into multiple ECMs (Pagliarini
et al., 2008). So why might evolutionary
modules appear to be different from func-
tional modules as defined by biochem-
ical or structural measurements? Here,
wemight gain some intuition from the anal-
ysis of amino acid correlations in proteins.
Let us consider a recent example in the
S1A serine protease family. In this case,
statistical analysis of pairwise amino acid
correlations shows that the protein con-
tains three distinct groups of coevolving
amino acid residues, referred to as sectors
(Halabi et al., 2009). Each sector is associ-
ated with a particular biochemical function
(catalysis, substrate specificity, and ther-
modynamic stability) and shows a distinct
pattern of evolutionary conservation
across sequences. Thus, not only can
cellular systems be partitioned into mod-
ules with distinct evolutionary histories,
but also even individual proteins can
contain residue groups that are differen-
tially conserved across phylogeny. It was
proposed that this structurally nonintuitive
‘‘sector architecture’’ of proteins might
reflect distinct evolutionary selection pres-
sures that vary independentlyover time.As
a result, residues that control properties
like specificity and catalytic activity mightDevelopmental Cbecome organized into separate coevolv-
ing modules, allowing each property to
be independently tuned in response to
environmental change. In analogy,
perhaps ECMs as defined by CLIME also
representquasi-independentunitsof func-
tional variation. That is, theymay reflect an
architecture for cellular systems that per-
mits different aspects of function to be
tuned by perturbing only the subset of pro-
teins involved in the module. While only a
hypothesis, it would be interesting to
further test the functional and/or structural
independence of these evolutionary mod-
ules within their respective systems.
The work of Li et al. (2014) shows that
clever comparative genomics methodol-
ogy can lead to useful annotation of
cellular components, an important first
step in beginning to understand the func-
tional and evolutionary architecture of
genomes. CLIME and related methods
will only increase in performance as addi-
tional sequence data become available,
and the demonstrated utility of this
approach should now act as a mandate
to broadly sequence the biodiversity of
eukaryotic genomes.REFERENCES
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